Cryptic genetic variation (CGV), hidden under most conditions, is the repressed genetic 19 potential that can facilitate adaptation and evolution. The conditional manifestation of CGV 20 has been claimed to explain the background dependence of causal loci as well as missing 21 heritability. However, despite being proposed over 60 years ago, the genetic architecture and 22 regulation of CGV and its contribution towards regulation of complex traits remains unclear. 23
regulation of CGV and its contribution towards regulation of complex traits remains unclear. 23
Using linkage mapping of mean and variance effects, we have identified loci that regulate 24 phenotypic manifestation of standing genetic variation in a previously published dataset of 25
biparental Saccharomyces cerevisiae population grown in 34 diverse environments. Based on 26 our results we propose the existence of a gradient of buffering states for a population 27 determined by the environment. Most environments show a tight buffering with additive, 28 independent causal loci with little epistasis. However, as this buffering is disrupted, the 29 underlying highly interconnected environment-specific genetic interactome is revealed such 30 that each causal locus is a part of this network. Interspersed within these networks are 31 generalist capacitors that regulate CGV across multiple environments, with one allele 32 behaving as a capacitor and the other as a potentiator. Our study demonstrates the connecting 33 link between architecture of hidden and visible genetic variation and uncovers the genetic 34 networks which potentially underlie all complex traits. Our study establishes CGV as a 35 significant contributor to phenotypic variation, and provides evidence for a predictable 36 pattern underlying gene-gene and gene-environment interactions that can explain background 37 dependence and missing heritability in complex traits and diseases. 38
39

SUMMARY 40
The phenotypic effects of cryptic genetic variation (CGV) are mostly hidden and manifested 41 only under certain rare conditions and have the potential to facilitate adaptation. However, 42
little is understood about its genetic regulation. We performed variance QTL mapping to 43 understand the regulation of phenotypic manifestation of standing genetic variation in a 44 biparental yeast population. We propose a model describing the connecting link between 45 visible variation and CGV. We identify generalist capacitors and environment-specific 46 networks that potentially underlie all phenotypes. This fresh approach of mapping causal loci 47 can solve the long-standing mystery of missing heritability in complex traits and diseases. 48
49
INTRODUCTION 50
Cryptic genetic variation (CGV) is a heritable variation that is phenotypically inactive or 51 hidden under most conditions, but manifests phenotypically only under certain, often rare, 52 genetic and environmental perturbations (Gibson and Dworkin 2004) . In simpler terms, it is 53 bottled up genetic potential (Gibson and Reed 2008) . While described in some studies as a 54 separate and an inexplicable class of genetic variation, it essentially refers to gene-55 environment interactions, i.e., genetic variants show their phenotypic effects only in certain 56 environments or conditional neutrality, and gene-gene interactions, i.e. variants show their 57 effects in the certain genetic backgrounds or epistasis. While the idea of CGV was proposed 58 almost 60 years ago (Waddington 1956 While prevalence and impact of CGV is being demonstrated by increasing number of recent 78 studies, its regulation is still unclear. Whether CGV is randomly distributed without any 79 discernible patterns or is it controlled by specific genes or genetic networks is one of the key 80 debates in the field, understanding of which will provide an ability to study the CGV 81 2005). Genetic mapping both in functional and repressed Hsp90 states resulted in different, 148 but equal number of genetic loci regulating yeast growth (Bergman and Siegal 2003) . High epistasis and 160 environment dependence of this epistasis further backs the case for CGV being a part of all 161 the biological processes (Hermisson and Wagner 2004) . 162
In this study, we have studied the phenotypic manifestation of standing genetic variation to 163 address two key questions in the field. How common is regulation and release of CGV? Is 164 CGV regulated by a few independent pleiotropic capacitors that function across environments 165 or is it a property of certain environment-specific network modules? How do these 166 generalized and specific forms of genetic buffering overlap? 167
We have used linkage mapping to identify loci that regulate CGV in a biparental yeast 168 population grown in diverse environments. These genetically diverse parental strains (BY and 169 differential mean of the two alleles would demonstrate the effect of the two alleles on the 176 average phenotype, differential variance would convey that while the population is invariant 177 or canalized in the presence of one allele, the other allele allows the phenotypic manifestation 178 of diverse variants that results in a high variance. Therefore, differential variance represents 179 differential ability to regulate CGV (Lempe et al. 2013) . The term to describe these variance-180 regulating loci, variance QTL (vQTL) was first introduced by Rönnegård and Valdar (2011) . 181
While most of these loci tend to be small effect when compared with conventional QTL 182 (Shen et al. 2012 which is active independently in each of these extreme environments. We identified a single 204 unique network for each environment. These networks maintain tight invariant phenotypes, 205 which are perturbed only in certain allelic combinations, by using either of the following two 206 approaches: maximalist phenotype or minimalist phenotype. These specialized networks 207 probably employ these different capacitors to suppress CGV and as a result these capacitors 208 release CGV, which either have positive effect or negative effect on the phenotype, 209 depending on the kind of network. Our results argue that the regulation of CGV is a 210 fundamental force in evolution of genetic networks underlying all complex traits. 211 212 hidden genetic variants. The conventional use of QTL-QTL mapping is to identify epistatic 373 interactions that contribute to variation in a population. We utilized QTL-QTL mapping to 374 identify the genetic basis and patterns of regulation of released CGV. In addition, we adapted 375 the QTL-QTL mapping technique to perform vQTL-vQTL mapping, which would allow us 376 to identify the loci that show interactive effects of the allelic combinations on the variance of 377 the population instead of the mean. We used QTL-QTL and vQTL-vQTL mapping to 378 understand following points regarding the genetic basis and patterns of regulation of released 379 CGV (see Table S4 ). Are most genetic interactions environment-specific, such that release of 380 CGV is merely conditionally neutral and environment-specific epistasis? Or do discrete loci 381 exist that behave as capacitors and release CGV across multiple environments? If the 382 covariance hubs, identified previously, indeed function as capacitors, then they should show a 383 high number of genetic interactions across environments. Are there genetic networks that 384 maintain CGV in a population-specific and environment-specific manner? A perturbation of 385 these networks, either due to a rare environment or genetic intermixing, would result in 386 release of CGV. Such a scenario would highlight the role of such network(s) beyond 387 regulation of CGV, in maintaining phenotypic robustness. 388 QTL-QTL and vQTL-vQTL mapping was carried out in an environment dependent manner 389 within all loci that were significant as QTL, vQTL or QTL+vQTL in those environments. 390
Total of 73 significant interactions (P < 0.1) were identified of which 18 (24%) were QTL-391 QTL, 33 (45%) were vQTL-vQTL and 22 (30%) were both QTL-QTL and vQTL-vQTL 392 interactions ( vQTL-vQTL, QTL-QTL+vQTL-vQTL) were identified, which meant 146 interactors (see 413   Table S5 ). Amongst these, 29 interactors were involved in environment-specific interactions, 414 55 interactors which attributed to 9 loci showed interactions across diverse environments, i.e., 415 behaved as capacitors. The remaining 62 showed multiple environment-specific interactions. 416
Of the 55 markers that behave as capacitors, 62% marker showed interactions that had a 417 difference in variance (vQTL-vQTL or vQTL-vQTL+QTL-QTL). Interestingly, of the 62 418 markers, which showed environment-specific interaction networks, 85% showed a difference 419 in variance, indicating that these capacitors and networks regulate CGV possibly through 420 higher order interactions. Only 2 loci were involved in multiple interactions across 421 environments (chrVIII and chrXIII). These results showed that environment-specific 422 interactions were rare, and loci which form environment specific networks are different from 423 the ones which behave as capacitors. 424
Epistasis across traits follows a pattern where interaction hubs regulate CGV across multiple 425 environments. Amongst the 9 interaction hubs identified, 7 also behave as covariance hubs 426 indicating that loci that regulate variance across multiple environments do so by interacting 427 with different loci in different environments (Figures 4A, 5A, Table S3 ). When combined 428 with consistency in direction of covariance, these results demonstrate how CGV is released 429 majorly in the presence of one allele of the capacitor and not the other ( Figure 4A ). Different 430 genetic variants are released across different environments. The Figure 4A shows that BY 431 allele of the chrXIV (368,185) marker has a higher variance in both 4-HBA and Galactose 432 and the RM allele has a lower variance. In 4-HBA, the chrXIII locus shows a larger effect in 433 the presence of the BY allele than the RM allele ( Figure 4B ). Similarly, in Galactose, chrXV 434 locus shows a stronger effect on the phenotype in the presence of BY allele than the RM 435 allele ( Figure 4C ). These results demonstrate how the covariance hubs result in release of 436 differential CGV across different environments. 437
Sixty six markers showed environment-specific networks in 12 environments (see Table S5 ). 438
Some of these networks were denser than others. These networks showed high 439 interconnectivity and the loci in these networks showed QTL+vQTL effects. Additionally property of an environment containing such networks is that all loci showing an effect on the 455 phenotype in these environments are a part of this network. They may be present as highly 456 interacting hubs or as interactors of one of these hub loci (see Figure 6B ). Additionally, most 457 of the loci of these networks are exclusive to each environment (see Figure 6B ). This 458 indicates a revelation of underlying genetic networks in these environments, with rare 459 additive effects of loci. A tempting possibility is that this dense genetic interactome underlies 460 all traits, but is revealed under specific genetic and environmental perturbations. identified in our study show a similar behavior, i.e., both alleles have the capability to result 517 in release of variance; they show a strong allelic bias. In majority of the cases one allele 518 allowed the interacting locus to manifest phenotypically whereas the other allele suppressed 519 its effect such that one allele behaved as a potentiator whereas the allele behaved as a 520
capacitor. This along with the enrichment of such capacitors in only certain environments 521 indicates a link between release of CGV and robustness of the phenotype. 522
A classic argument against an association of such loci, which regulate epistasis in standing 523 genetic variation, with phenotypic robustness and buffering has been a lack of demonstration 524 of their ability to accumulate new mutations. These arguments propound that CGV is 525 independent of the state of phenotypic robustness (Paaby and Rockman 2014). While we 526 have focused only on standing genetic variation in this study and hence cannot comment on 527 mutational robustness, we observed a strong bias in the ability of a few environments to 528 activate these capacitors. These capacitors have pleiotropic effects across all the 529 environments (Cassidy et al. 2016 ) but they regulate variance only in the few environments 530 found on the right side of the gradient and act as conventional QTL for the environments 531 towards the left ( Figure 6A ). While the effect of these capacitors on novel mutations, and 532 hence mutational robustness, cannot be demonstrated, our results confidently show that the 533 ability of these loci to behave as capacitors is dependent on the environment and hence may 534 be a representation of the buffered state of the environment (Fares 2015). Our results, 535 therefore, argue in favor of evolution of these capacitors to maintain CGV (Elena and Lenski 536
2001). 537
In these specific environments, along with increased prevalence of capacitors, we identified 538 highly interconnected networks ( Figure 6B ). These genetic networks were specific to each 539 environment. The pleiotropic capacitors showed an effect in these environments but they 540 were just one the interactors -either a part of the network or an interactor of the hub gene in 541 the network, but never forming the core themselves ( Figure 6A,B ). An interesting property in 542 these environments was the extensive cross talk that resulted in a single specific network in 543 each environment, i.e., almost all loci active in a particular environment form a part of this 544 single network. The high number of epistatic interactions in this extreme right of the 545 spectrum, and increased differential regulation of population variance at both single locus and 546 two-locus levels indicates prevalence of higher order epistasis ( Figure 6A interconnectivity is the reason why we observe so few additive QTL in the left side of the 552 gradient with the majority of loci behaving as QTL+vQTL. 553
As described above, while the pleiotropic capacitors are also a part of these interactions, they 554 do not form the core network. A reason for this exclusion can be that these networks could 555 have evolved in response to specific selection pressures to reach phenotypic optimum for a 556 particular phenotype, and the pleiotropic nature of the capacitors would implement a 557 constraint on their ability to evolve or mold to a specific environment. These results indicate 558 that a possible reason for the evolution of pleiotropic genes could have been the regulation of 559 this CGV across environments. Furthermore, modularity of the interactome identified 560 recently in disease networks (Vidal et al. 2011; Menche et al. 2015) to regulate specific 561 diseases could be a result of evolution of these environment or phenotype specific hubs, 562 which maintain robustness for specific phenotypes by genetic redundancy (Kafri et al. 2009 ). Figure 2B ). Our results show that CGV is released in only one 577 direction in each environment and QTL-QTL and vQTL-vQTL mapping has shown that one 578 single network is active in each environment. Therefore, one can surmise that the hidden 579 variation is released in only one direction by a particular network. Based on our results, we 580
propose that a particular network, evolved to maintain optimum phenotype, can curb 581 expression of phenotypic variation in two ways -the maximalistic approach or the 582 minimalistic approach. The maximalistic approach would be evolution of networks that 583 maintain high flux through the pathway(s) contributing to the phenotype such that the default 584 state is always on. In this scenario, any genetic variant that results in a reduced flux, and 585 hence lower phenotype, will not have much effect since there will be an excess of 586 transcriptional or biochemical signal. As a result, such variants will get accumulated due to 587 lack of purifying selection on them, whereas a variant that increases the flux will get fixed 588 and become a part of the network. Perturbation of this network will, therefore, only release 589 variants with a poorer phenotype. The alternate minimalistic approach would describe a 590 default state with the minimum possible flux, such that the network maintains the pathway(s) 591 in a practically shutdown state. Since the upstream signal is off or minimal, the downstream 592 genetic variants that increase the flux will not be able to show their effects and hence get 593 fixed. Consequently, a breakdown of this network will reveal genetic variants that increase 594 the phenotype. Our conjecture is that modules or specialized network may have evolved this 595 way to contain CGV in the most optimal manner. While this regulation may happen at 596 various levels (transcription, translation or for metabolites) and differ for different 597 phenotypes and environments, it would follow either of the two above approaches. 598
Along with providing molecular insights into genetic regulation of various traits, this 599 directionality of the networks has strong implications on gene-environment interactions, 600 especially antagonistic pleiotropy. While the core network loci are environment-specific, the 601 generalist capacitors are common across different environments. Our results show that the 602 abundant antagonistic pleiotropy of the mean effects of these loci is not due to opposing 603 molecular effect of the locus on the two environments but majorly due to the opposing 604 constraints of the environment on direction of released CGV (see Figure 3) . Depending on 605 the kind of network that impinges on the capacitor, the released CGV will either increase or 606 decrease the phenotype. Therefore, along with regulating condition specificity of the effects 607 of loci, regulation of CGV can result in trade-offs in the effect of loci across different 608 environments. In our previous paper, we reported high antagonistic pleiotropy of a locus on 609 chrXV containing the gene, IRA2 (Yadav et al. 2015) . IRA2 is an inhibitor of the highly 610 conserved Ras/PKA pathway, which we demonstrated to show high diversity in natural 611 populations of S. cerevisiae adapted to diverse ecological and geographical niches. 612
Investigation of QTL and vQTL revealed that the loci containing IRA2 is a covariance hub 613 and hence a capacitor (see Table S3 ). This is supported by a recent study, which 614 The raw growth data analysed in this study was derived from a study by Bloom et al. (2013) , 639 in which the experimental procedures are described in detail. The data we used was generated 640 for 1,008 segregants derived from a cross between S. cerevisiae strains BY (a laboratory 641 strain) and RM11-1a (a wine isolate, indicated as RM). These segregants were grown in 46 642 different conditions and phenotyped for colony size of which 34 conditions were considered 643 in this study (see Table S1 , see Files S1 and S2 for more information). A total of 11,623 644 markers were considered. 645
QTL and vQTL mapping 646
The single environment QTL mapping was carried out as described previously (Bhatia et identify QTL separately for colony size in each environment. QTL were identified using the 649 LOD score, which is the log 10 of the ratio of the likelihood of the experimental hypothesis to 650 the likelihood of the null hypothesis (Broman and Sen 2009 ). An interval mapping method 651 ("scanone" function in R/qtl) was used to compute this LOD score using the Haley-Knott 652 regression algorithm (Broman et al. 2003) . 653
The following formula was used to calculate the F-score, which was further used to derive the 654 LOD score. At a particular marker, let segregant i's phenotypic value be y ij where j can 655 take two values ( j = 1 : BY allele and j = 2 : RM allele). 656
Here, N is the total number of segregants, n 1 and n 2 are the number of segregants having 658 the BY and RM allele respectively ( k = 2 ) and y j is the genotypic mean of allele j. 659
Let df denote the degrees of freedom (df = 1 for a backcross and df = 2 for an intercross). The 660 LOD score is accordingly derived as follows: 661
Under the null hypothesis, there is no significant difference in the means at the marker under 663 consideration while under the alternative hypothesis, there is a presence of a QTL. 664
To estimate the difference in phenotypic variance between the two genotypic groups, i.e., to 665 identify vQTL in each environment, the standard Brown-Forsythe (BF) statistic (Rönnegård 666 and Valdar 2011; Lee et al. 2014 ) and the corresponding LOD score were calculated for each 667 genetic marker in each environment (see Files S1 and S2). The BF test is equivalent to an F-668 test performed on the deviations of the phenotypic values from their respective genotypic 669 medians (or the means). Hence, under the alternative hypothesis, the phenotypes of the two 670 alleles reveal a difference in the variance. 671
At a particular marker, let z ij be the absolute deviation of segregant i's phenotypic value y ij 672 from its genotypic mean ! y j where j can take two values ( j = 1 : BY allele and j = 2 : RM 673 allele). 674
Then BF statistic for that marker can be computed as follows: 676
Here, N is the total number of segregants, n 1 and n 2 are the number of segregants having 678 the BY and RM allele respectively ( p = 2 ). In order to estimate the effects of vQTL in the 679 same order as in QTL, LOD scores were computed as described previously (Broman and Sen 680
2009). 681
To establish the statistical significance of the putative QTL and vQTL, P values were 682 computed using a genome-wide permutation test of 1,000 permutations, where the null 683 distribution consisted of the highest genome-wide LOD score obtained from each 684 permutation (Broman et al. 2003) . A LOD score cut off of greater than 3.0 and a P value cut 685 off of less than 0.01 was considered. 686
Comparing QTL and vQTL 687
To estimate pleiotropy, we divided the genome into 20kb non-overlapping bins (Table S3) . 688
The bins containing two or more QTL or vQTL significant (P < 0.01) in different 689 environments were considered as pleiotropic bins. The first markers of each of these 690 pleiotropic bins, used as representative of the bins, were collated to represent the set of 691 pleiotropic markers (Table S3) . 692
Calculating correlation between mean and variance 693
To calculate environment-specific correlation (for Figure 2C) , difference in the mean (mean 694 BY -mean RM) and difference in the variance (var BY -var RM) was calculated for all 695 significant loci within each environment. Pearson's correlation between these two parameters 696 was calculated for each environment. 697
Covariance across environmental pairs 698
To assess the differential covariance of a locus across multiple pairs of environments, we 699 considered the collated set of pleiotropic markers for our study (Table S3) such that the below weighted sum of squared residuals is minimized, 709
where, the estimate of δ is the ratio of the two variances. 
QTL-QTL and vQTL-vQTL mapping 728
A QTL-QTL interaction occurs when an effect of a QTL at a single locus depends on another 729 locus. We used a QTL-QTL mapping technique described previously (Bhatia et al. 2014) . In 730 brief, we used a custom Python script, from Bhatia et al. (2014) to compute LOD scores for 731 pairwise comparisons among a set of selected markers. These markers were selected using a 732 QTL P value cut-off of 0.01 in each environment. For the QTL-QTL mapping, P values were 733 computed using a permutation test (10,000 permutations), where the null distribution 734 consisted of the highest LOD score obtained among all pairwise comparison for each 735 permutation of the phenotype. The following hypotheses were compared: 736
Here, g 1i and g 2i are the binary variables that specify the genotype at the two loci, µ , β 1 , and P value cutoff of <0.005 was used to identify significant markers. 4-HBA refers to 4-887 Hydroxybenzaldehyde; 4-NQO is 4-Nitroquinoline; 5-FC is 5-Fluorocytosine; 5-FU is 5 888
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Fluorouracil; 6-AU is 6-Azauracil. 889 Table S2 : Mean and variance of significant QTL and QTL+vQTL 890 Table S4 : QTL-QTL and vQTL-vQTL mapping 897
Permutation P value cutoff of < 0.1 was considered. Sheet 1 contains results of QTL-QTL 898 mapping and Sheet 2 contains results of vQTL-vQTL mapping. Sheet 3 shows the overlap of 899 the Sheet 1 and Sheet 2. In Sheet 3, markers with a 50kb interval were considered the same to 900 estimate the overlap between the two kinds of mapping. A significant QTL-QTL or a vQTL-901 vQTL interaction is indicated by 1. 902 
